A trajectory tracking strategy is presented for processes described by a parabolic nonlinear distributed parameter model. A model-based predictive control approach, combined with an internal model control structure and a state estimation method is extended to this kind of process. On-line requirements such as computational time and constraint satisfaction are outlined and discussed. This method is then implemented for the control of a drying process and experimental results are discussed.
Introduction
Most industrial control needs involve the design of a robust controller capable of achieving a trajectory tracking in spite of inevitable model uncertainties and physical constraints. In the meantime, the developed process models have become more and more complex and nonlinear in order to describe changes in operating conditions, parameter variations, complex dynamic behavior. Used in food processing as well as in drying processing, microscopic description of phenomena leads to a model described by a set of partial differential equations. This model is used for the control of the temperature historic during the drying procedure. The purpose of this paper is to present a trajectory tracking strategy for a class of nonlinear distributed parameter systems. Only few practical works directly deal with the control of such systems. Even if the existing ones are based on interesting structures, they deal neither with complex nonlinearities nor with a set of partial differential equations [6, 8] . Furthermore, a great challenge is to be able to control this kind of process in real-time. The Model Predictive Control (MPC) approach has been succesfully applied in industry to processes described by a set of linear or nonlinear ordinary differential equations [1] . In this paper, the MPC formulation is extended for the control of process described by a nonlinear distributed parameter system subject to constraints on the manipulated variable. Modifications are necessary due to the on-line control requirements. This paper is organised as follow: in section 2, the painting film drying plant -modeled by a nonlinear distributed parameter system-is presented. In section 3, the MPC methodology is briefly mentioned and the considered control problem is stated. Then, on-line requirements such as computational time, constraint satisfaction, disturbed measurements are addressed. A solution is presented to reduce the computational time needed for the model resolution and to take into account the constraints. Finally, experimental results on a real drying process illustrate the capabilities of this approach in section 4.
Drying process
A laboratory plant has been developed in order to dry a painting film sample coated on a car iron support by infrared radiation [2] . The plant is described Figure 1 with the infrared part and with the instrumention part. The thin painting film sample is characterised by its tempera-
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ture assumed to be uniform and by its dry basis humidity " assumed to vary according to the thickness of the sample. These assumptions have been checked experimentally [2] . The drying procedure leads to water losses that produces a variation in the sample geometry. Considering the surface size and the low thickness of the sample, the water extraction leads only to the linear reduction of the sample thickness % & with respect to the mean humidity
where
is the final constant dried thickness of the sample and:
Energical balance
The temperature is assumed to be uniform on the sample and support set. Taking into account of the different losses 
are respectively the surface thermal capacity of the painting film sample and the surface thermal capacity of the support. Different losses due to the natural convection and radiation phenomena on both surfaces are expressed as:
The water loss U p depends on the drying velocity (
The absorbed flow
depends on the manipulated variable, i.e. the infrared flow
Mass balance
Since there is no macroporous structure, the water migrates into the upper radiated surface only by diffusion phenomenon. Using the Fick law, the mass balance can be written as:
with the effective diffusion coefficient
depending on the humidity and the temperature:
at the painting film sample lower surface, there is no water transfer:
, the outgoing flow is linked to the drying velocity through:
Distributed parameter model
From the previous heat and mass balances, the drying process can be represented by the parabolic nonlinear distributed parameter system
X with the scalar input:
with the output:
with the boundary conditions:
with the initial conditions : "
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All parameter values and remaining expressions can be found in [7] . as well as over the painting film sample.
Model Predictive Control strategy 3.1 MPC methodology
For a SISO (single-input, single-output) system, the MPC objective is to determine a sequence of
by the minimization of the cost function J over a finite horizon
at each sampled time . At each sampled time, only the first component of the optimal control sequence is applied to the plant. At the next sampling instant, measurements are updated and the optimization problem is solved again. This methodology is also referred to as receding or moving horizon control. One of the reasons of its succesful application in industry since 25 years is its ability to explicitly handle constraints in the problem formulation [9] .
Control problem statement
For real applications, the dried painting film sample should satisfy quality requirements: neither bubbles nor fissures are allowed. To ensure the final product quality, paint producers commonly provide a temperature reference profile during the drying cycle. However, a humidity reference trajectory could also be a relevant profile for the drying procedure since it is the most representative data. In this study, the objective is to track a humidity reference trajectory in presence of constraints on the manipulated variablë . A MPC strategy involving a distributed parameter system is well-adapted to satisfy these control requirements [4, 5] . The reference trajectory, ,over the prediction horizon are unknown but they are predicted from the process model.
Computational time requirement
The process model plays a crucial role in terms of control performance. A great part of the computational time is devoted to the model resolution. The resolution of this nonlinear distributed parameter model can be prohibitive in terms of time especially with small sampled time like here (1s). As a consequence, the initial model 
subject to constraints on the manipulated variable 
Constraints handling
The constrained nonlinear optimization problem (18) is transformed into an unconstrained nonlinear optimization problem by using a hyperbolic transformation law for the constraints. This law transforms a variable with upper and lower bound constraints (i.e magnitude, velocity and acceleration rate) into a new unconstrained variable. Then, any unconstrained optimization algorithm can be applied for the resolution. The Levenberg-Marquardt algorithm has been chosen for its efficiency to solve this kind of problem.
State-estimator
Practical problems like disturbed measurements or unavailable measurements are investigated. Noisy and disturbed measurements could be prejudicial to an efficient tracking. In order to overcome this problem, a state estimator is then introduced in the control strategy structure (Figure 4) . A feasability condition is that the variable to be estimated, noted 
Operating conditions
The objective is to track a humidity reference profile for the painting film drying process described Figure 1 . The control variable is the infrared radiation 
Experiments
The prediction horizon influence is pointed out through several experiments. The control horizon ² 5 is in these first attempts equal to 1 in order to reduce the computational time. 
The tracking of the humidity reference trajectory is correctly achieved whatever the prediction horizon value ( Figure 5 ). In all cases, the specified limitations on the actuators are satisfied ( Figure 6 ).
The run with prediction horizon The last point is concerned with a practical point. Firstly, the humidity is not directly measured but is calculated from the measurement of the water mass losses by means of a very sensitive balance. This measurement is very noisy and disturbed. Secondly, the humidity is difficult to measure in industrial implementations. So the temperature, easy measurable, is used to estimate the humidity (Figure 8 ). Temperatures changes involve humidity changes and then the feasability condition of estimation in closed-loop is checked. At the end of the experiment, a disturbance appears due to the measurement uncertainty and affects the control performance. With the estimated humidity, the problem is overcome. The difference between the measurements and the estimates is due to the model but the IMC structure is able to cope with model uncertainties ( Figure  7 ). 
Conclusion
A trajectory tracking approach for a parabolic nonlinear distributed parameter system has been presented. A model-based predictive control strategy was extended to this kind of model. Experimental results have shown the efficiency and the robustness of this approach. The tuning of the prediction horizon has been discussed. A state estimator has also been used to cope with disturbances on the noisy humidity measurement. 
